ABSTRACT: Climate change inevitably leads to large regional variations in risks and opportunities and is likely to affect most farmers in the Mediterranean in the next decades. The interpretation of climate projections to determine appropriate policy responses is not without difficulties, such as understanding local uncertainty and responses of specific crops to sets of conditions. Here we analyse the potential impacts of climate on agriculture in the Mediterranean -a region that exemplifies other regions of the world that are prone to drought and are likely to experience increased frequency and intensity of droughts in the future. Our analysis relies on understanding the sources of uncertainty derived from climate scenarios, agricultural systems, impact responses and risk levels to support informed decisions for planned agricultural adaptation. We generated multiple projections of impacts based on different models of climate change and crop response in order to capture uncertainties. We used statistical models of yield response and projections of climate change generated from 16 climate scenarios to address the likelihood of projected impacts on traditional Mediterranean farming systems, represented in this study by cereals, grapes, olives and citrus. Results show that uncertainty varies widely by crop and location, and adaptation priorities will therefore depend on the risk focus of adaptation plans.
INTRODUCTION
Anticipating the potential impacts of climate change and their likelihood are the main considerations in developing mitigation and adaptation policies. Impacts and likelihood are determined by a wide range of assumptions about future society, the choice of climate model, the analytical tools used and data (Fronzek & Carter 2007) . Many argue that it is possible to reduce uncertainty by making clear assumptions (Hulme et al. 1999) . However, future projections are inherently uncertain and, therefore, even the application of scientific rigor will not completely eliminate this aspect of the projections; therefore, uncertainty must be addressed. Characterisation of uncertainty is difficult owing to its multiple determinants and local system specificity. Understanding the impact and likelihood of climate change is complicated owing to inconsistencies of inputs across geographic and time scales and changes in physical and social variables that are often derived from different assumptions. As result, some of the more profound or severe consequences of climate change may be more difficult to project than the future climate itself. In this paper we address some of these challenges.
Climate change will have a differential effect on regional agriculture owing to the disparity in the baseline conditions and the magnitude of change expected (Saarikko & Carter 1996) . In some agricultural areas, farmers will be less able to cope with the changes, whereas others may even benefit; ensuring an optimal level of adaptation requires consistent information on regional and local disparities (Commission of the European Communities 2009), as well as the implementation of adequate agricultural programs and policies.
Here we focus on agriculture in the Mediterranean, a well-studied region from the climate and agricultural points of view (Olesen & Bindi 2002 , IPCC 2007 , European Environment Agency 2008 , Giorgi & Lionello 2008 . The Mediterranean region comprises the world's largest area of olives, grapes and citrus, as well as extensive cereal production. These 4 crops make up > 30% of Spanish agricultural area (Table 1) , and they are often considered to represent the typical Mediterranean crops, excluding cereals and some fruits (FAO 2010) . The rest of the crops that represent a large proportion of the crop area (i.e. maize, sunflower, rice and potatoes) are not exclusively considered Mediterranean. The four crops studied form an important part of the history and diet of the region, and their future will partially determine the socio-economic and environmental development of many rural areas.
Adaptation is a key factor that will determine the future severity of climate change impacts on agriculture and food production (Brooks et al. 2005 , Burton and Lim 2005 , Howden et al. 2007 , Lobell et al. 2008 . Prioritizing climate change policies in the agricultural sector requires information on: (1) assumptions about the future climate, (2) characterisation of regional disparities and local realities, and (3) sources of uncertainty in the assessment. Here we characterise impacts and likelihood by addressing the uncertainty of the scenario in question and the local conditions (location and type of agricultural system), and the evaluation of probabilistic impacts.
METHODS

Approach
Uncertainties in projections of crop production were recognised early in the 1990s and are derived from climate-change projections, scenarios and other factors (Carter et al. 1991) . Our analysis relies on understanding the sources of uncertainty derived from climate scenarios, agricultural systems, impact responses and risk level to support informed decisions for planned adaptation. We generate multiple projections of impacts based on different models of climate change and crop response in order to capture uncertainties. The study includes 4 components ( Fig. 1): (1) A multiscenario framework addresses the climate uncertainty.
(2) Range of crop choices and contrasting locations addresses the uncertainty derived from the agricultural system. (3) The probabilistic risk level is derived from Monte Carlo analysis. (4) We derive an impact to risk index that allows comparison of uncertainty across regions and crops in the evaluation of informed decisions. The study sites are located in the Mediterranean region (Spain), exemplifying other drought-prone and water-scarce areas that are likely to experience drought intensification in the future. The crops selected are the major crops in the region: cereals, citrus, grapes and olives.
Our methodology incorporates a number of strengths: it is based on the evaluation of crop responses of 4 different crops that have future social and environmental implications, and uses a range of emissions scenarios to provide insights into the effects of climate-change policy. The risk approach expands impact results and (Table 2 ). The present study does not, however, deal with some important sources of uncertainty, including those derived from increases of food demand, both in quantity and as a result of changing lifestyles and diet, which add an additional layer of complexity to predictions of how climate change may affect crop production (Long et al. 2006 ).
Climate-change scenarios
In the Fourth Assessment Report (AR4), the IPCC discussed improved models that enabled better estimates of climate change for different emissions scenarios (IPCC 2007) . These projections of future climate change from numerical models have existed for some time, but the PRUDENCE project has provided highresolution climate change scenarios for Europe for the end of the 21st century (Fronzek & Carter 2007) . This modelling process involved 3 steps. (1) The Special Report on Emissions Scenarios (SRES) provides projections of atmospheric greenhouse gas emissions as a result of changes in population, economic activities and environmental policy (IPCC 2000) . (2) The greenhouse gas concentration is then used in the global climate models (GCMs) to compute resulting global climate variables as result of this climate forcing. There are a range of GCMs and their resolution varies, but none of the actual GCMs have a resolution smaller than 1°latitude by 1°longitude. (3) To increase resolution, the output from the GCMs can be downscaled by regional climate models (RCMs); this is called dynamical downscaling. The PESETA project (Ciscar et al. 2009 ) used the PRUDENCE output to project climatechange scenarios at the site level for its agricultural analysis. There are alternative downscaling techniques to produce high-resolution projections. Statistical downscaling is based on observed local climate properties. Stochastic weather generators are models which use observed weather local data to simulate synthetic time-series of daily weather that are statistically similar to observed weather in the desired local site. Semenov & Stratonovitch (2010) have recently released a weather generator which includes the predictions from different GCMs used in the IPCC AR4 and generates a multi-model ensemble.
Climate change is characterised from a range of global change scenarios. Since no single projection is a prediction, scenarios represent alternative futures. Scenarios of future climate are constructed based on 2 steps. (1) Future greenhouse gas emissions are defined as a result of future social and economic conditions: population levels, economic growth and energy policy, among others. The socio-economic futures are defined by the SRES scenarios (IPCC 2000) . (2) GCMs that represent atmospheric physics and energy flows are forced by the future concentration of greenhouse gases, resulting in altered climatic variables. Here we used 16 climate-change scenarios that allow for comparison between socio-economic drivers of greenhouse gas emissions (derived from the 4 SRES scenarios) and 4 GCMs, for the period 2071 to 2100 (Table 3 ). The source of the data is the IPCC Data Distribution Centre (DDC) and the Tyndall Centre (Mitchell et al. 2004) .
The IPCC SRES (IPCC 2000) represent potential socio-economic futures that determine the level of greenhouse gas emissions to the atmosphere. Each socio-economic scenario provides a description of possible future developments. Here we considered SRES of the A and B families, since they are widely applied and cover a broad range of possible population growth and economic development. The A scenarios represent a vision of the future where economic development is the priority, whereas the B scenarios represent a future where environmental sustainability plays a central role. Although A1 and B1 scenarios are based on a more integrated world in terms of its development approach, A2 and B2 scenarios represent a world that is more divided in this regard. 
Crops and agricultural models
To understand the components of yield variability in a range of agro-climatic conditions, we used econometric models of yield response with climatic data as explanatory variables (Iglesias & Quiroga 2007 , Quiroga & Iglesias 2009 ). The models also consider the effect of technical progress, incorporating several management indicators as input variables. Technological change, represented by farm machinery and fertiliser application, results in yield increases for all crops, whereas irrigation is the main factor responsible for yield increase in olives. To take into account this effect, an index of the percent of irrigated area was introduced (Quiroga & Iglesias 2009 ). The models include autoregressive terms in order to correct the autocorrelation of the residuals and to capture the dynamics of the data. Finally, some impulse dummy variables (with a value of 1 in a selected year) have been added to the models in order to isolate the effects of some anomalous drought years.
Limitations of our approach arise from the simplicity of the empirical models and the quality of observed data. The use of statistical models for projections in a structural change context has often been questioned. Nevertheless, regression models are robust within the data range in which they are calibrated. Here, we have used 40 yr of climate data, including a range of temperatures and precipitation extremes, to estimate the models. The data include a range of temperatures and precipitation extremes that vary more than the average changes projected by the climatechange models, so the limitations in terms of the extent of the data are reduced and the models can be reliably extrapolated given that the projections are inside the range in which the regression models apply. We have incorporated autoregressive terms in order to capture the dynamics and non linear relationships of data.
A major challenge facing all agroclimate evaluations is to include both biophysical and socio-economic aspects in the methodology. Numerous studies have used agricultural simulation models to capture these complex interactions. Multiple regression models can also represent process-based yield responses to these environmental and management variables, providing the historical perspective. Although simple functions will never provide the detail possible with more complex models, the direct interpretation of the results by farmers and policymakers may be of great value to the risk management and decision-making process.
The specified models have the general form:
( 1) where the dependent variable (Y t ) is the crop yield for a site in year t and the explanatory variables are divided into 2 categories: management variables (Mac, Fer and Irri represent agricultural machinery, input agrochemicals and irrigation, respectively) and climate variables (Tav, Fr, Prec, Tmax, and Dr represent average temperature, number of days with temperature below zero, precipitation, maximum temperature and a drought index, respectively). α and β are the estimated parameters, and Impt t * is a dummy variable denoting an impulse effect on year t*. The subscript i on the climate variables refers to the month and 3 month periods (i = Jan, …, Dec; SON, Sep-Nov; DJF, Dec-Feb; MAM, Mar-May; and JJA, Jun-Aug). Multicolinearity, heteroscedasticity and autocorrelation diagnosis of variables was considered. All estimated parameters (α 1-12 , β and η) were significant at the 95% level. A complete econometric treatment is described in Quiroga & Iglesias (2009) , Iglesias & Quiroga (2007) and Iglesias et al. (2000) .
The yield response model used ignored potential fertilisation effects of elevated atmospheric CO 2 on crop yields when comparing different global production systems, following the approach of Lobell et al. (2008 scenarios may result in a slight yield difference in wheat, which has a C3 photosynthetic pathway (Nicholls 1997 , Long et al. 2005 , 2006 . Citrus, grapes and olives also have a C3 photosynthetic pathway, but their response to CO 2 has not been tested. The CO 2 effects vary considerably across crops and production conditions, and the response in field conditions with water and other input limitations may be negligible. Therefore, attempting to quantify them in a comparative study may result in the inclusion of an uncontrolled error. The exclusion of the direct CO 2 effect should not affect relative uncertainty or the differences between different policy scenarios and crops. The 4 study sites and 4 crops are representative of Mediterranean agriculture. Data on observed crop yields at province level were taken from MAPA (2004) for the selected crops and sites (Table 4) . For each site, series of maximum and minimum temperatures, number of days per month with temperature below 0°C, and precipitation for the 1959-2000 period were obtained from the National Meteorological Service (Spain). The typical Mediterranean region has small seasonal temperature differences and precipitation totals that decrease with decreasing latitude. In general, summer (June, July and August) precipitation is well below 100 mm and the coefficient of variation (CV) of precipitation varies from 21 to 55% over the entire crop cycle. This implies the need for supplementary irrigation during part of the crop cycle in order to meet average water demand, avoid water shortage risk and obtain adequate production levels. These 4 sites show differences in seasonal temperature and the amount and distribution of precipitation, and are also characterised by different crop management practices and levels of production. Burgos represents the northern region of the plateau, where seasonal precipitation meets crop water demand for winter crops during the entire crop cycle. Logroño represents the milder northern region, which specialises in high-quality crops and, especially, grapes, which are irrigated during the early summer. Cordoba, located in Andalusia (southern Spain), is a highly productive area representative of the climate of the Mediterranean region. Murcia represents the southern Mediterranean coastal climate, where the frost-free period comprises almost the entire season, but irrigation is a necessity for almost all crops. Table 5 shows some examples of the statistical models that have been used. Estimated coefficients are illustrated in Quiroga & Iglesias (2009 and Iglesias & Quiroga (2007) .
The statistical functions of yield response have been used to evaluate the effect of climate-change projections on future yield. The production changes due to climate change are calculated considering the following relationship: where B is the back shift operator (B-operator), which transforms an observation of a time series to the previous observation. The climate variations applied were those projected for each of the climate-change scenarios considered.
Risk level
The probability distribution of production changes for the 2080s for each crop and location was estimated using the Monte Carlo method. Monte Carlo simulations are widely used to derive large size samples from short time series of observational data (Robert & Casella 2004) . The Monte Carlo method is used in agriculture to characterise statistical properties of crop yield prices, as well as crop yield as a response to rainfall or other inputs. Here we applied Monte Carlo methods to derive probability distribution functions of yield risk levels. The approach consists of generating a synthetic series of yield variables using the Monte Carlo method and Latin hypercube sampling (Just & Weninger 1999 , Atwood et al. 2003 Monte Carlo methods are an important component of uncertainty and probabilistic risk assessments because they allow for the generation of random samples of statistical distributions (Robert & Casella 2004) . Monte Carlo methods simulate the behaviour of a system in a nondeterministic manner (stochastic) by using random numbers as opposed to deterministic algorithms. The Latin hypercube technique is a variation of the simpler Monte Carlo technique, and employs a constrained sampling scheme used when the dependent variable (Y ) is a function of several other variables (X 1 , X 2 , …, X k ), as is the case of crop yield.
Impact to risk index
A standardised impact to risk index (SIR) is proposed to quantify the magnitude and likelihood of having an impact in each location and crop. This diagnostic probabilistic measure of uncertainty is useful for proposing the most appropriate adaptation strategy in each case. The SIR was computed as the ratio between the risk, measured as the average probabilistic impact, and the standardised kurtosis of the impact distribution. Kurtosis is a measure of the relative concentration flatness or peakedness of the probability distribution of a real-valued random variable. Distributions with higher kurtosis have fatter tails or more extreme values, as opposed to distributions with lower kurtosis, which have fatter middles or fewer extremes. Kurtosis values are always positive because they are defined as: μ 4 /σ 4 , where μ 4 is the fourth moment of the mean and σ is the standard deviation. Therefore, the sign of the SIR is derived from the sign of the impacts. Negative values of SIR indicate negative impacts and positive values of SIR indicate positive impacts. Because the SIR index is standardised, it is a normal distribution, N (0,1) and 90% of the values are between -2 and + 2. The SIR index weighs the impacts and their associated likelihood. A positive or negative impact that has associated large uncertainty is more difficult to address with adaptation measures and, therefore, the 'real' risk will be even more negative. Table 6 provides an interpretation of the values of the SIR index.
RESULTS AND DISCUSSION
Uncertainty derived from the choice of scenarios
In Mediterranean agriculture, precipitation determines a large proportion of the observed and projected changes in crop yield. Therefore, this variable is of key importance for estimating impacts and their likelihood. Fronzek & Carter (2007) hint at a systematic difference between downscaling only the temperature output of the global climate models and not the precipitation output. Therefore, in order to broaden the possible choice of climate and emissions models, we have not included downscaled scenarios in our analysis. Projections of annual mean changes in temperature and annual changes in precipitation from the 16 scenarios are summarised in Fig. 2 . Temperature increased by 1.5 to 5.5°C. Maximum distance among temperatures was higher among the SRES scenarios than across different GCMs. Therefore, in general, the socioeconomic conditions, as determined by the SRES scenarios, had a higher impact on temperature changes than the climate models. However, the opposite effect was observed in the precipitation changes, which varied much more across different climate models. In all cases, the temperature increase of the A scenarios was larger than that of the B scenarios, and the A1 is larger 88 88 SIR value Interpretation + 2 and more Positive impact (opportunity), highly unlikely + 0.5 and more Positive impact (opportunity), likely to occur -0.5 to 0.5
Likelihood of little or no deviation from current state -0.5 and less Negative impact (risk), likely to occur -2 and less Negative impact (risk), highly unlikely than the A2, except in the output from CSIRO. All scenarios project drier than current conditions for the region; precipitation decreased by 10 to 60% in all cases except in the CSIRO A1 output, where annual precipitation increased by < 5% of current precipitation levels. In all the scenarios reported here, the absolute difference between modeled and future (2071-2100) climate was then added to the observed temperature and precipitation time series (delta change approach). Therefore, the scenario climate variability remains the same as in the observational record. Some studies use a weather generator to derive changes in variability (Semenov 2008 , Semenov & Stratonovitch 2010 or apply the individual year output of GCMs to the observed baseline period mean (Fronzek & Carter 2007 ). Here we analysed variability of agricultural output by generating a probabilistic distribution of extremes using a Monte Carlo simulation (Section 3.3).
Uncertainty of the agricultural system
Median projections for Mediterranean crops exhibit a very wide response to climate-change scenario and location (Fig. 3) . Whereas cereal production may be at cosiderable risk in southern locations, grape yields may increase in some key producing regions. Because these results are derived from statistical models of yield response, it is likely that they underestimate crop yield variability at the farmer level (Gorski & Gorska 2003) . In general, northern and southern locations show contrasting results, as has been previously reported (Olesen & Bindi 2002 , Fronzek & Carter 2007 . In the present study, we evaluated the local and crop-specific responses. Projected future climate may result in an opportunity for cereal production in the northern sites, but may be very negatively affected in southern sites, where supplemental irrigation will probably be necessary under warmer and dryer conditions. Citrus is always irrigated in Spain and, therefore, a temperature increase of up to 5°C does not have a significant effect on crop productivity (Medina et al. 2002) . This result has to be interpreted with care because a higher evapotranspiration rate implies a substantial increase in the amount of water needed for irrigation. In areas where citrus crops are grown, the competition for water is already an acute problem. Of the crops analysed, grapes show the most varied yield response depending on local conditions. As in the case of other widely irrigated crops in Murcia, climate change does not have a substantial impact in this location. By contrast, the response in Cordoba is extremely negative, whereas in Logroño, climate change may result in increased production for grape cultivation. Finally, olive production is clearly at risk at the marginal production locations (Logroño and Murcia), whereas climate change may not be a large threat in the main olive production region of the world (Andalusia), represented in the present study by Cordoba. Fig. 4 shows the effect of the socio-economic scenario assumptions on the implications of crop productivity. Here we calculated the value of crop yield under the A2 scenario, which is considered as the businessas-usual future projection, with respect to the B2 scenario, which is considered a mitigation scenario with projected impacts that are unavoidable, even if reduction of greenhouse gas emissions are implemented. This difference can therefore be interpreted as an approximate indicator of the effect of mitigation action, or the difference between the potential economic effect of inaction and the so-called committed climate change. Potential benefits or reductions in crop productivity, from taking action to reduce greenhouse gas emissions, are crop and location specific (Fig. 4) . 
Risk level
We used Monte Carlo simulations to derive random samples (10 000 values) of statistical distributions of crop yield to analyse the distribution of probabilities in order to obtain a certain yield (the risk level) ( Table 7 , Fig. 5 ). Our results show large differences in impact levels on yield distribution functions across sites and crops. The variance is useful as a non-dimensional indicator of variability in general. Logroño has a low variance, whereas Córdoba has the highest. However, the variance is not a complete indicator of variability in risk analyses, and it is necessary to analyse other statistical parameters. In general, the skewness coefficients do not indicate a large probability of low yield, since only values below -1 indicate very negatively skewed data. For grapes in all locations there was a higher probability of obtaining yields greater than the mean, as indicated by the skewness coefficients above +1. Kurtosis is a parameter that describes the shape of the probability density function of a random variable. The kurtosis coefficients of the data presented in Table 7 and centred around the mean; we may interpret this to mean that the projected impact is more certain, since we have considered a high enough number of scenarios. The yield variation is considerably different for each site and crop (Fig. 6) ; olives present the smallest variation across sites, which can be explained by the fact that olives are well adapted to the variable Mediterranean climate.
We have developed an integrating index that relates impacts to likelihood. The SIR index shown in Fig. 7 is calculated as the ratio between the impact and the standardised kurtosis of the impact distribution. We propose some thresholds of the SIR value to support decisions on the adaptation priorities. The results provide information about the choice of crop to minimise risk, addressing the risk at the levels of farming system and location. This can also guide policy decisions at different levels of government. On the basis of a broader analysis that includes more locations and crops, some thresholds of the SIR value to support decisions on adaptation priorities could be developed.
CONCLUSIONS
To some extent, plants and crops will be able to naturally adapt to a changed climate. However, this is likely to be insufficient (Stalker 2006) , and human intervention will continue to have an important role in facilitating adaptation of crops. This will occur through research in and support of changes in farming practices, irrigation, providing access to inputs, and the genetic improvement of crops using traditional breeding methods and biotechnology. (Cheikh et al. 2000 , FAO 2004 . In order to decide on the appropriate investments and policies aimed at improving agricultural adaptation to climate change, it is important to be aware of the probable impacts and associated uncertainty, as well as the crops and locations that are likely to be affected.
Scientific uncertainty and institutions' perception of this are key factors determining investments and policies aimed at improving agricultural adaptation to climate change (Lobell et al. 2008) . There is considerable uncertainty surrounding future impacts of climate on crops and yields. This uncertainty is derived from climate models (and the underlying assumption of the driving forces), crop type, as well as location, and is increased during the conversion of emissions values to climate change, from climate change to possible impacts and, finally, from these driving forces to formulating adaptation and mitigation policies (Gupta et al. 2003) . Furthermore, the complexity of the socioeconomic system and historical and biophysical dynamics that underpin the agricultural sector condition the possible type of actions and responses and add an additional layer of complexity (Ziervogel & Zermoglio 2009) .
Apart from taking into account yield differences for 4 crops (cereals, citrus, grapes and olive) and locations (Burgos, Logroño, Cordoba and Murcia), we have also based our projections on 16 climate models from 4 different sources (CGCM, CSIRO, HadCM and PCM) and using 4 SRES scenarios (A1, A2, B1 and B2). The results of our analyses agree with the agronomic knowledge of crop responses to climate (Porter & Semenov 2005) , but the risk ranking of the regions is not intuitive when only considering the variables in isolation. For example, Murcia is a very dry region and the common perception is that the risk to crop production is higher. However, although cereals and olives are projected to experience considerable decreases in yields, citrus and grapes, which are both irrigated in the region, are not. None of the crops offer a clear advantage over others in all of the regions; regional adverse impacts are, as can be expected, more acute in the southern study sites (Cordoba and Murcia) than in more northern location (Burgos and Logroño). This supports the argument that any policies or adaptation response needs to be location-specific and, often, cropspecific in order to adequately consider and address the likely climate impacts in the region as well as the specific management and socio-economic conditions (i.e. irrigation) of the location.
The risk level that was analysed as part of this study may provide some policy guidance, regardless of the impact and its severity. Considering the distribution of the risk level, we can deduce the likelihood of the impact occurring and, thereby, target policy actions to address the particular level and certainty of the impact. For example, olives in Murcia are expected to decrease yields substantially, and the likelihood of this occurring at the projected level is very high, given the small variation between the 5th and 95th percentiles. The derived SIR index supports making informed decisions by providing an intuitive and comparable measure of the impact likelihood. Similarly, we can see that the level of impact overall is greatest for cereals in Cordoba and that the likelihood of this occurring is high. Ideally, this should trigger a policy or stakeholder response in order to reduce the negative impacts likely to be experienced by farmers of these crops in the studied regions.
Over the next few decades, a central goal of agricultural and policy decisions will be to decrease the risk associated with a changing climate. Future policy actions in the Mediterranean need to be focused on helping farmers to adopt strategies that are in compliance with current and developing legislation and programs, especially in view of the continued reform of the Common Agricultural Policy of the European Union and the implementation of other policies such as the EU Water Framework Directive. Fundamental to this aim is the development of the ability to quantify climate risks associated with different geographical locations as well as different crops. Evaluating the uncertainty and risk level and analysing the likelihood of a particular event occurring through the use of indicators, such as the SIR index, might serve to guide policymakers and stakeholders as they face adverse climate impacts. Finally, scientific advances of climate change projections based on new scenarios (Moss et al. 2010) will provide a clearer understanding of uncertainties in the field of climate change research. 
